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Variation in genes involved in drug 
metabolism and/or drug response
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Drug Summary Level of 
Evidence

PMID Gene rsID

HMG CoA 
Reductase Inhibitors 
(statins)

No increased risk of myopathy High 18650507 SLCO1B1 rs4149056

Statins No increased risk of myopathy High 12811365 SLCO1B1 rs4149056

Desipramine; 
Fluoxetine

Depression may improve more than average Medium 19414708 BDNF rs61888800

Fluvastatin Good response Medium 18781850 SLCO1B1 rs11045819

Metoprolol and other 
CYP2D6 substrates

Normal CYP2D6 metabolizer. Medium 19037197 CYP2D6 rs3892097/rs180
0716

Pravastatin May have good response Medium 15199031 HMGCR rs17238540

Pravastatin, 
Simvastatin

No reduced efficacy Medium 15199031 HMGCR rs17244841

Caffeine No increased risk of heart problems with 
caffeine

Low 16522833 CYP1A2 rs762551

Calcium channel 
blockers

No increased risk of Torsades de Pointe Low 15522280 KCNH2 rs36210421

Carbamazepine SNP is part of protective haplotype for 
hypersensitivity to carbamazepine

Low 16538175 HSPA1A rs1043620

Neviraprine Reduced risk of hepatoxicity Low 16912957 ABCB1 rs1045642
Efavirenz; 
Nevirapine

Reduced risk of hepatoxicity Low 16912956 ABCB1 rs1045642

Epoetin Alfa Lower dose of iron and epo required Low 18025780 HFE rs1799945

Fexofenadine Average blood levels expected Low 11503014 ABCB1 rs1045642

Irbesartan Irbesartan may work better than beta-blocker Low 15453913 APOB rs1367117

Lithium Increased likelihood of response Low 18408563 CACNG2 rs5750285

Summary of Pharmacogenetic Good News



Drug Summary Level of 
Evidence

PMID Gene rsID

Clopidogrel & 
CYP2C19 
substrates

CYP2C19 poor metabolizer,  
many drugs may need 
adjustment.

High 19106084 CYP2C19 rs4244285

Warfarin Requires lower dose High 15888487 VKORC1 rs9923231

Warfarin Requires lower dose High 19270263 CYP4F2 rs2108622

Metformin Less likely to respond Medium 18544707 CDKN2A/B rs10811661

Troglitazone Less likely to respond Medium 18544707 CDKN2A/B rs10811661

Cisplatin Increased risk of nephrotoxicity Low 19625999 SLC22A2 rs316019

Citalopram May increase risk of suicidal 
ideation during therapy

Low 17898344 GRIA3 rs4825476

Escitalopram; 
Nortriptyline

Depression may not respond as 
well

Low 19365399 NR3C1 rs10482633

Morphine May require higher dose for pain 
relief

Low 17156920 COMT rs4680

Paclitaxel Cancer may respond less well Low 18836089 ABCB1 rs1045642

Pravastatin May require higher dose Low 15116054 SLCO1B1 rs2306283

Talinolol May require higher dose Low 18334920 ABCC2 rs2273697

Sildenafil May not respond as well Low 12576843 GNB3 rs5443

Summary of Pharmacogenetic Bad News



= “CPIC”



Augmenting the network of molecular and 
cellular data with textual information.

• PubMed now holds more than 24 million 
entries, most with abstracts

• Our biomedical knowledge is stored in the 
published literature

Can we have computers “read” PubMed 
abstracts and reason over them to predict new 
drug-drug interactions?  



Advances in natural language parsing enable 
high fidelity extraction of relations

Dependency 
graph

Stanford Parser, Chris Manning et al (CS)



We can identify genes, drugs, phenotypes in 
text using these technologies.… an  ontology 
to normalize

Coulet, Shah, Garten, Musen, Altman, JBI, 2010.



KEY:  we map extracted entities to 
standard terminologies

Coulet, Shah, Garten, Musen, Altman, JBI, 2010.



Semantic network of 170,598 normalized relations from all 
PubMed abstracts involving 40 key genes.

CYP3A4

CYP2D
6

ACE

Percha et al, PSB, 
2012.



ABCB1 gene and verapamil drug



We chain together two gene-drug relationships 
to create a drug-gene-drug relationship = 
potential drug interaction!

Percha et al, PSB, 2012.

e.g. “Drug A decreases levels of Gene, but Gene
metabolizes drug B.”



Top
predicted 
DDIs
from
text 
processing
after training 
on 
known DDIs

drug pair interact npaths avgvotes p.glm LAB

fluoxetine-diazepam 1* 975 59.68% 0.608
tramadol-dextromethorphan 1 536 95.27% 0.533
venlafaxine-dextromethorphan 1 528 94.99% 0.523
naproxen-diazepam 0 806 65.60% 0.506 1
paroxetine-dextromethorphan 1 489 95.32% 0.489
metoprolol-dextromethorphan 0 490 90.17% 0.441 0
lisinopril-enalapril 1-- 986 37.46% 0.410
verapamil-omeprazole 0 469 87.30% 0.395 1
dextromethorphan-codeine 1- 440 86.98% 0.367
omeprazole-naproxen 1* 911 40.09% 0.366
sertraline-dextromethorphan 1** 357 95.02% 0.365
omeprazole-diazepam 1 872 38.84% 0.322
verapamil-fluconazole 1 252 97.34% 0.296
verapamil-fexofenadine 0 248 93.28% 0.262 1
verapamil-atorvastatin 1 296 88.32% 0.261
naproxen-fluoxetine 1* 626 52.50% 0.240
warfarin-glibenclamide 1* 221 92.29% 0.236
warfarin-fluoxetine 1 272 86.93% 0.234
verapamil-carvedilol 1 200 92.99% 0.227
venlafaxine-tramadol 1 145 98.45% 0.227
verapamil-clopidogrel 1- 184 94.40% 0.226 1
venlafaxine-paroxetine 1 132 99.18% 0.223
verapamil-simvastatin 1 263 86.04% 0.222
tramadol-paroxetine 1 133 98.42% 0.219
warfarin-ibuprofen 1 172 94.41% 0.218
omeprazole-dextromethorphan 0 150 96.36% 0.216 0
fluoxetine-dextromethorphan 1 160 95.16% 0.215
venlafaxine-metoprolol 1* 132 94.89% 0.196
venlafaxine-sertraline 1 97 97.97% 0.194
tramadol-sertraline 1 97 97.84% 0.193
dextromethorphan-citalopram 1** 104 96.35% 0.188
paroxetine-metoprolol 1 126 93.79% 0.186
tramadol-metoprolol 0 132 93.13% 0.186 0
verapamil-diazepam 1- 300 76.30% 0.185 1
dextromethorphan-aripiprazole 0 132 92.67% 0.183 0

d d h h 1 88 96 8% 0 181



Metoprolol

Class Beta blocker

Brand Lopressor, Toprol

Treats High blood pressure
Angina (chest pain)
Heart attack (improves survival)
Heart failure

Effects Relaxes blood vessels
Slows heart rate

Mech Blocks beta receptors on 
sympathetic nerves

Dextromethorphan

Class Non-opioid antitussive

Brand Robitussin (+ tons of others)

Treats Cough

Effects Acts on central nervous system
to elevate threshold for
coughing

Mech NMDA and glutamate antagonist
Blocks dopamine reuptake site
(?)



Metoprolol Dextromethorphan

metoprolol Drug isMetabolizedBy Gene CYP2D6…



Metoprolol Dextromethorphan

… CYP2D6 Gene metabolizes Drug Dextromethorphan



Case Report: 2011



Using textual context to define synonyms 
(with no training)

• “Random indexing” 
• Each word gets unique random vector
• Context encoded by adding vectors of all 

surrounding words together = 
“context signature”

• Similarity of context measured by cosine of 
angle between context signature vectors.

Can we automatically learn synonyms for 
entities using this data-driven method?

Percha et al,  AMIA 2013



What does “polymorphism” mean?
Our findings suggest that the myeloperoxidase G-463A polymorphism is a host genetic factor
which determines the clinical outcome of Helicobacter pylori infection... Insertion / deletion
polymorphism in the promoter of NFKB1 as a potential molecular marker for the risk of
recurrence in superficial bladder cancer.... Genetic polymorphism and resistance mutations of
HIV type 2 in antiretroviral-naive patients in Burkina Faso... One of these groups was
representative of the genetic diversity previously found within the pathogen by random
fragment length polymorphism and amplified fragment length polymorphism analyses... To
identify mutations in mtDNA D-loop, polymerase chain reaction (PCR)-single strand
conformation polymorphism (SSCP) analysis, followed by nucleotide sequencing, was
performed... Their distinct sets of mtDNA polymorphism belonged to Eastern Asian
haplogroup C4a1, while other previously identified six Chinese mitochondrial genomes... In
the present study, we investigated the GSTM1 gene polymorphism in diabetic patients and
healthy individuals and searched whether polymorphisms in GST genes are associated with
diabetes mellitus (DM) in the Turkish population... on blood samples from 137 colorectal
cancer patients and 199 controls using polymerase chain reaction-restriction fragment length
polymorphism (PCR-RFLP)... Morphological changes of hippocampus, polymorphism of
serotonin transporter gene, and down regulation of neurotrophin are also discussed in this
review... fluorescent amplified fragment length polymorphism (FAFLP), enterobacterial
repetitive intergenic consensus (ERIC) based genotyping and candidate orthologues
sequencing revealed that MIP has been the predecessor of highly pathogenic Mycobacterium
a



Random indexing: an unsupervised 
method for assessing word similarity

“gene” “diabetic” “patients”

First, every word is 
assigned a randomly 
generated elemental
vector. 0

1
-1
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Context vectors are created by 
summing elemental vectors within a 
certain window



Context vectors can be compared using 
cosine similarity to assess word 
similarity

Graphic borrowed from: cs.carleton.edu



Specifics of our method: dataset and 
context vectors

• Corpus: 494,804 drug-gene sentences from 
Medline 2013 (real sentences of interest)

• Semantic Vectors implementation of 
random indexing (Java-based)

• Varied window size, vector dimension, seed 
length, word order encoding



Recognizing synonyms with shared context



What are most similar drugs? (using similar 
approach, word2vec)

Yuhao Zhang, unpublished



Vector relationships preserve semantics!

Mikolov, Tomas, et al. Adv. Neur. Proc. Sys 2013 



Similar analysis for drugs, diseases, genes 
(targets & enzymes). 24M abstracts. 2M words.

Yuhao Zhang, unpublished





Characterizing the universe of gene-drug 
interactions.

• More than 20 x 106 PubMed abstracts 
• Contain many assertions about 

relationships between genes/drugs—indeed 
perhaps EVERY type of relationships 
between genes/drugs

• Advances in statistical NLP allow us to 
analyze every sentence

Can we characterize from text all gene-drug 
interaction modes, and the instances of these 
interactions?   

Percha et al, PLoS Comp Bio 2015



Stanford Parser,  Manning et al



A dependency path connects a gene to a 
drug in a sentence.



Same relationships, expressed many ways

1.  Atenolol, a B2AR inhibitor…  appos INHIBITOR amod
2.  Atenolol inhibits B2AR… nsubj INHIBITS dobj
3.  Lisinopril inhibits ACE…  nsubj INHIBITS dobj
4.  Lisinopril is an inhibitor of ACE… nsubj INHIBITOR prep-of
5.  Atenolol is a potent B2AR inhibitor… nsubj INHIBITOR amod
6.  …the B2AR inhibitor, Atenolol… appos INHIBITOR nn
7. …Atenolol, a potent inhibitor of B2AR… appos INHIBITOR prep-of



Same relationships, expressed many ways

1.  Atenolol, a B2AR inhibitor…  appos INHIBITOR amod
2.  Atenolol inhibits B2AR… nsubj INHIBITS dobj
3.  Lisinopril inhibits ACE…  nsubj INHIBITS dobj
4.  Lisinopril is an inhibitor of ACE… nsubj INHIBITOR prep-of
5.  Atenolol is a potent B2AR inhibitor… nsubj INHIBITOR amod
6.  …the B2AR inhibitor, Atenolol… appos INHIBITOR nn
7. …Atenolol, a potent inhibitor of B2AR… appos INHIBITOR prep-of



Same relationships, expressed many ways

1.  Atenolol, a B2AR inhibitor…  appos INHIBITOR amod
2.  Atenolol inhibits B2AR… nsubj INHIBITS dobj
3.  Lisinopril inhibits ACE…  nsubj INHIBITS dobj
4.  Lisinopril is an inhibitor of ACE… nsubj INHIBITOR prep-of
5.  Atenolol is a potent B2AR inhibitor… nsubj INHIBITOR amod
6.  …the ACE inhibitor, Lisinopril… appos INHIBITOR nn
7. …Atenolol, a potent inhibitor of B2AR… appos INHIBITOR prep-of

Never observed but could imagine…

Atenolol is an inhibitor of B2AR  (by analogy with 4.)
…the B2AR inhibitor, Atenolol...   (by analogy with 6.)
Or
...Lisinopril, a potent inhibitor of ACE... (by analogy with 7.)





Ciprofloxacin and 
quinidine never
share a sentence 
but the third
drug links them.

Observed Sentences linking drug/gene





PubMED
gene/drug
space
bicluster

Rows = 
~50K 
drug/gene
pairs

Cols =
197K 
dependency 
paths





PubMED
gene/drug
space
bicluster

Rows = 
~50K 
drug/gene
pairs

Cols =
197K 
dependency 
paths





The universe 
of gene-drug 
relationship 
types



Metabolic relationships form a distinct 
cluster enriched for drug-gene pairs known 
to PharmGKB

metabolic and
substrate
relationships



Inhibitory relationships also form a cluster 
enriched for both PharmGKB and DrugBank 
relations

inhibitory
relationships



The algorithm learns that antagonism is a 
subset of inhibition

inhibition (general)

antagonists



Activation relationships also form a 
distinct cluster

activation
relationships



The algorithm learns that agonism is a 
subset of activation

agonists

activation (or)
stimulation



Gene-Drug interaction types
• G synthesizes D
• G activates D
• G enzymatically modifies 

D
• D substrate of G
• G metabolizes D
• D substrate of G
• D indirectly effects G
• D coadministered w/ G
• D increases levels of G
• D raises levels of G
• D antagonizes G

• D inhibits G
• D interacts with G
• D binds/inhibits G
• G receptor for D
• D activates G
• D agonist for G
• D binds G
• D induces expression G
• D affects expression G
• D suppresses expression G
• D inhibits activation of G
• D subtlely inhibits G



PGx relations
Target relations



PGx relations
Target relations



Chemical-Disease relationships



Gene-Disease relationships



Gene-Gene relationships



Large scale extraction of PGx knowledge 
from full text

• Increasingly available full text
• Availability of technology for “trained 

systems” to find entities and relationships in 
• DeepDive developed by Chris Re

Can we recognize key PharmGKB entities and 
their relationships from full text automatically?   

Mallory et al, Bioinformatics 2015



Deep Dive Pipeline for extracting 
Gene-Gene interactions

Emily Mallory, in collaboration with  lab of Chris Re (CS)



Features used to recognize G-G





Thus, the emerging network for drugs….

Target structure 
& dynamics

Drug recognition &
binding

Cellular response &
pathways

Text mining of gene, drug,
phenotype associations

Clinical response 
datamining

Population effect 
reporting 



Beth Percha, BMI Emily Mallory, BMI

Yuhao Zhang, BMI Chris Re

Support:
NIH GM61374
NIH LM05652
NIH GM102365
NIH MH094267
NIH HL117798
Oracle
Pfizer
Microsoft
FDA



Thanks to PharmGKB Team

Teri Klein
Michelle Carrillo
Team:  Maria Avarellos, Julia Barbarino, 
Lester Carter, Matt Devlin, Alie Fohner, Li 
Gong, Tiffany Murray, Katrin Sangkuhl, 
Caroline Thorn, Ryan Whaley, Mark Woon

NIH: GM-61374



Radio Show on SiriusXM 121

“The Future of Everything” w/ Russ
Joint effort with Stanford University to discuss 
science and technology and the future.  
Saturdays at 8 AM ET, freely available at:

stanfordradio.stanford.edu
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